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Abstract 
This study investigated possible change points of extreme precipitation during the past 1973-2012 and the future 
2020-2059 in South Korea. The Bayesian change point detection was performed based on a generalized Pareto 
distribution. Changes in the shape/tail index were detected to account for the changes in the extreme data. Results 
indicated 20 and 24 stations exhibited a change point for the observed and projected period, respectively. An abrupt 
increase in the 100-year design level appeared in the majority of northern part during the past period and the 
increase was likely to move to the southern area for the projected period.  
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1. Introduction 
Recently climatic extreme events have gained more and more attention from global researchers due to their 
potentially severe impacts on natural ecosystems, economy, and human life [1, 2]. The Intergovernmental Panel on 
Climate Change (IPCC) in its Fifth Assessment Report (AR5) noted that warming of the climate system is 
unequivocal and it has exerted profound impacts mainly through changes in climate extremes [3]. Rising global 
surface temperatures have increased evaporation and added water vapor to the atmosphere. With more heat and 
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more moisture, two of the key ingredients for storm development are now more abundant, leading to an increase in 
extreme precipitation [4].  
The changing patterns of extreme precipitation related to climate change can be exhibited as the monotonic trend 
or abrupt regime shifts (change points), meanwhile, a change point (CP) existed in a time series might also affect the 
trend analysis result [5]. Numerous studies have been performed to detect the change points in extreme precipitation 
in order to better understand the changing precipitation patterns, and further to enhance water management for 
agricultural production, irrigation, industrial and domestic uses [5]. Recent studies are generally working on 
detecting mean shift in climatic series based on traditional statistical test (e.g., the Pettitt's test [6] and the 
cumulative sums (CUSUM) method [7]) and/or Bayesian statistics [8, 9]. While most of the literature focuses on 
changes in the mean or variance that lead to changes in extreme events, changes in the tails of the probability 
distribution of extreme data can lead to more extreme events [10]. Given the fact that with a heavier right tail, the 
probability of extreme events to be occurred can become larger while keeping a fixed mean. Identifying changes in 
the tail behavior (shape) of extreme precipitation will be of interest for many hydrologists and thus becomes the 
main focus of this study.  
Climate changes have varying impacts on geographically diverse regions and the changes in extreme events may 
show large regional variations [11, 12]. Extreme precipitation, as a key element of the hydrological cycle, is a highly 
variable spatially and temporally. Previous studies [13, 14] have reported the increase of intensity and frequency of 
extreme precipitation events observed in South Korea. It was also showed that precipitation extremes in the Korean 
peninsula are strongly influenced by local topography together with large-scale moisture transport from the ocean to 
the Korean peninsula. Consequently, spatial distributions for the change points existed in the tail behavior of 
extreme precipitation are of value to be investigated. Meanwhile, at each spatial location, a better knowledge of 
possible changes to the future precipitation, either exhibiting a greater probability of a more extreme or a mild future 
condition will be of practical importance to many sectors socially and economically. 
In this study, we developed a Bayesian approach for the detection of changes in the shape of the generalized 
Pareto distribution (GPD) used to model the upper tail of precipitation variables. Observed precipitation records and 
future precipitation projection data at the selected stations all around South Korea were used for analysis. 
2. Data 
The study site is South Korea, which is a part of the East Asian monsoonal region and the meteorological 
phenomena are mainly influenced by the complex-terrain characteristics and the Korean peninsula features. 
Continuous record (no missing data) of daily rainfall data for the past 40 years from 1973 to 2012 in 52 gauged 
stations collected from the Korean Meteorological Administration (KMA) (http://www.kma.go.kr/), were used in 
this study (see Fig. 1).  
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Fig. 1. Location of selected stations in South Korea. 
For each station, another data set covers the projection precipitation data in the future 40 years was used to 
investigate the future change in the extreme precipitation. We obtained the regional climate change scenario data of 
the Representative Concentration Pathway (RCP) 8.5 produced in 1 km resolution over the Korean Peninsula, from 
the climate change information center (http://www.climate.go.kr/). The precipitation projection is composed of past 
climate simulations (1950–2005) and future RCP 8.5 climate scenario project data (2011–2099), and we selected the 
projection during the period from year 2020 to 2059 at the 52 selected stations for analysis. In order to make full    
use of extreme event information, instead of adopting the annual maximum precipitation, we defined the extreme 
precipitation to be the peaks over threshold (POT) series for both the past and future periods in this study. The 99th 
percentiles of observed and projected daily data at each station were chosen as the corresponding threshold value to 
generate POT series. The basic information about the gauged stations is listed in Table 1, including the geographic 
information of the stations and the length of selected POT series for both periods. 
Table 1. Basic information of selected stations in South Korea. 
No. 
Station 
name 
Lat 
(°N) 
Lon 
(°E) 
# of POT events 
(observed, 
projection) 
No. 
Station 
name 
Lat 
(°N) 
Lon 
(°E) 
# of POT events 
(observed, 
Projection) 
1 Ganghwa 37.70 127.50 (146, 146) 27 Daejeon 36.36 127.36 (145, 146) 
2 Hongcheon 37.68 127.88 (146, 146) 28 Boeun 36.48 127.73 (142, 146) 
3 Inje 38.05 128.16 (146, 145) 29 Cheongju 36.63 127.45 (146, 146) 
4 Sokcho 38.25 128.56 (145, 146) 30 Chomchon 36.61 128.15 (146, 146) 
5 Daewallyeong 38.25 128.76 (145, 146) 31 Uiseong 36.35 128.68 (146, 145) 
6 Gangneung 37.75 128.90 (145, 146) 32 Yongdok 36.53 129.41 (146, 146) 
7 Uljin 36.98 129.41 (146, 146) 33 Pohang 36.03 129.38 (146, 145) 
8 Yongju 36.86 128.51 (144, 146) 34 Yongchon 35.96 128.95 (144, 146) 
9 Chungju 36.96 127.95 (143, 146) 35 Daegu 35.88 128.61 (146, 146) 
10 Jecheon 37.15 128.20 (146, 146) 36 Ulsan 35.55 129.31 (145, 146) 
11 Wonju 37.33 127.95 (146, 146) 37 Miryang 35.48 128.75 (146, 146) 
12 Icheon 37.26 127.48 (146, 145) 38 Busan 35.10 129.03 (146, 144) 
13 Yangpeong 37.48 127.50 (145, 146) 39 Koje 34.88 128.60 (146, 145) 
14 Seoul 37.56 126.96 (146, 146) 40 Jinju 35.20 128.11 (145, 146) 
15 Suwon 37.26  126.98 (146, 146) 41 Namhae 34.81 127.93 (144,143) 
16 Incheon 37.46 126.63 (146, 146) 42 Yeosu 34.73 127.75 (146, 144) 
17 Seosan 36.76 126.50 (145, 146) 43 Goheung 34.61 127.28 (146, 146) 
18 Boryeong 36.31 126.56 (146, 146) 44 Hapchon 35.56 128.16 (144, 146) 
19 Buyeo 36.26  126.91 (146, 145) 45 Sanchong 35.41 127.88 (146, 146) 
20 Gunsan 35.98 126.70 (146, 146) 46 Namwon 35.40 127.33 (144, 146) 
21 Buan 35.73 126.71 (141, 146) 47 Jeongeup 35.56 126.86 (146, 145) 
22 Jeonju 35.81 127.15 (146, 146) 48 Gwangju 35.16 126.90 (143, 146) 
23 Imsil 35.61 127.28 (145, 146) 49 Jangheung 34.68 126.91 (145, 146) 
24 Kochang 35.66 127.91 (146, 145) 50 Haenam 34.55 126.56 (146, 146) 
25 Geumsan 36.10 127.48 (145, 145) 51 Wando 34.40 126.70 (146, 146) 
26 Chupungnyeong 36.21 128.00 (146, 145) 52 Chuncheon 37.90 127.73 (146, 146) 
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3. Bayesian change point analysis 
  Let 1 2, n( x ,x x ) x  be the realization of the independent and identically distributed random variables 
1 2 , n
( X ,X X ) X truncated at a high threshold value P . According to the extreme value theory [15] along with 
certain regularity conditions, the excesses of the sufficient high threshold converge to a GPD with the following 
probability density function (pdf): 
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where [  is the shape parameter; 0V !  is the scale parameter; and P  is the location parameter, which is also 
termed as the selected threshold value and we assume it is known in this study. 
In this section, we consider a no CP model (M0) and a shape CP model (M1) at an unknown time point W  in the 
POT rainfall series using GPD. That is, 
Model M0: 
Xi~ 1iGPD(x ; , , ),i , ,n;[ V P                                                               (2) 
Model M1: 
Xi~ 1 1iGPD(x ; , , ),i , , ,[ V P W                                                          
Xi~ 2 1iGPD(x ; , , ),i , ,n,[ V P W       
(3) 
where iGPD(x ; , , )[ V P  stands for the pdf of generalized Pareto distribution. The CP detection process is performed 
by firstly selecting the best fitted model for the data series, and then estimating the change point W  for the selected 
change model.  
  We employed the Bayes factor and posterior probability for the model selection and implemented the approach as 
follows. We denote a no CP model M0 with parameter 0 ( , )[ V θ , and a shape change model M1 with parameter 
1 1 2
( , , )[ [ V θ and a change point W . Let iΘ  be the parameter space for iθ , i=0 and 1, where iΘ  may or may not 
be nested. Bayesian model selection proceeds by choosing a prior pdf ( )i iS θ  for iθ  under Mi, and a prior model 
probability ( )ip M of Mi being true. In this study, we used Jeffreys priors for model parameters ( )i iS θ and imposed a 
discrete uniform prior on change point W , i.e., ( ) 1/ ( 1), 1, , 1,p n nW W     for the change model. As to the model 
prior probability, we assigned equal weight on no change and change model, i.e., 
0
( ) 1/ 2p M  and 
1
( ) 1/ 2p M  . With 
the all above settings, the posterior model probability is expressed as [16] 
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thus, we can derive the posterior probability for M0 and M1 with the specified model prior probability, 
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where ( )im x  is called the marginal density of x under model Mi, i=0 and 1, and Li is the likelihood function of 
model Mi. We employed the Gibbs sampler to solve the integral problems in the calculation. The model with larger 
posterior probability is selected as the most probable model. Once a CP model M1 is selected, we can estimate W  
using its posterior mean 
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Finally, the estimate of change point is adopted as the nearest integer to Wˆ . Conditional on this value, the 
Bayesian inference also provides the posterior distributions of parameters before and after the estimated CP.  
4. Results and discussions 
4.1. Change points detected in extreme precipitation 
The results of Bayesian change point analysis at all selected stations for both observed and projected periods are 
presented on Fig. 2. During the observed period, there were 20 stations detected with significant change point 
existed in the tail behavior of extreme precipitation, and 17 of them occurred between 1980s and 1990s. It seems 
that there was no typical regional characteristics for the CP existence from Fig. 2a, and the similar situation occurred 
in the projected period, in which 24 stations distributed throughout the country were detected with CP in the tail of 
future extreme precipitation (fig. 2b). Among these stations, there were 22 of them with CP occurred between the 
2030s and 2040s. The year 2036 and 2047 were found to be the most probable years for the CP to occur in the 
projected period. 
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a 
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Fig. 2. Spatial distribution of detected change points: (a) observed period (1973-2012); (b) projected period (2020-2059). 
For the stations detected a significant CP, the data before and after CP were reanalyzed to investigate the aroused 
change exhibited in the shape/tail index and the 100-year design level of the extreme precipitation. In order to 
perform a comparative analysis, the change in the mean value of extreme precipitation is also presented. 
4.2. Spatial change in observed extreme precipitation 
Figure 3 shows the spatial distribution of differences between the pre-change and post-change periods in the 
observed extreme precipitation. We first examine changes to tail behavior of extreme precipitation in terms of shape 
parameter. As shown in Fig. 3a, a decrease less than 0.2 in the value of shape parameter after the CP happened to the 
majority of northern and central areas while the increases less than 0.4 were mostly concentrated in the southern and 
north-eastern coastal areas of South Korea. The similar spatial pattern is showed in Fig. 3b, which plots the change 
in 100-year design level of extreme precipitation. On the whole, the increases of 100-year design level after the CP 
were consistent and comprehensive for the majority of South Korea, except for part of northern areas and the 
southeastern areas, where exhibited a slight decrease less than 10% compared with the value before the CP (Fig. 3b). 
Meanwhile, for the area exhibited an increase in the shape parameter in Fig. 3a, it can be found that the increase 
occurred to the 100-year design level accordingly. It is because the distributions of extreme precipitation with 
greater shape values are tailed more heavily and therefore theoretically have larger probability to generate more 
extreme values. However, the variation pattern of extreme values may not be accurately reflected by change in the 
mean value. Figure 3c presents that the mean value exhibits a decrease of at least 6% for the southern area and an 
increase of about 8% for the southeastern and northwestern areas, whereas the 100-year design level showed an 
opposite variation tendency.   
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Fig. 3. Spatial distribution of detected changes during the observed period: (a) the value of change in shape parameter; (b) the percentage (%) of 
change in 100-year design level; (c) the percentage (%) of change in mean level between pre-change and post-change periods. 
4.3. Spatial change in projected extreme precipitation 
Similarly, the spatial change in the shape, 100-year design level and mean value of the projected extreme 
precipitation are plotted in Fig. 4. Different from the observed data, the shape parameter showed remarkable 
increases for the majority of South Korea, except for some small areas in the west, south and northeast. Accordingly, 
the 100-year design level increased less than 60% after the CP for the majority of South Korea, and the increase got 
larger to over 120% for some areas in the central, south and southeast. Compared with the 100-year design level 
from the observed period showed in Fig. 3b, significant increase in the extreme precipitation intensity is likely to 
move from the northern to the southern and southwestern areas during 2030s and 2040s. This is strongly consistent 
with the findings of Seo et al. [17], who analyzed the relative differences of 20-and 50-year return levels from 
period 2021-2050 and 2066-2095 to the historical data, and pointed out that the significant increases appeared in the 
south-western part of Korea. The generally increase pattern is confirmed in Fig. 4c, which shows a similar spatial 
distribution of changes in the mean level. However, the area exhibited a decrease in 100-year level cannot be 
detected from the mean level plot, instead, the decrease in shape parameter (Fig. 4a) appeared in the almost same 
areas as showed in Fig. 4b. Consequently, the shape parameter/tail index of the extreme precipitation is more 
accurate than the mean value to reflect the change existed in extreme precipitation.  
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Fig. 4. Spatial distribution of detected changes during the projected period: (a) the value of change in shape parameter; (b) the percentage (%) of 
change in 100-year design level; (c) the percentage (%) of change in mean level between pre-change and post-change periods. 
5. Summary and conclusions 
The objective of this study was to perform a spatial analysis of change point detection both for the observed and 
projected extreme precipitation in South Korea. The observed POT precipitation data for the past 40 years 
(1973-2012) and the RCP8.5 projected POT data for the future 40 years (2020-2059) at the selected 52 stations were 
analyzed. Unlike most of previous studies which identified a change in the mean or variance of a Gaussian 
distribution, we employed a generalized Pareto distribution in which the shape parameter/tail index may exhibit an 
abrupt change point to account for the change in extreme upper tails. Results indicated that there were 20 and 24 
stations exhibited a change point for observed and projected extreme precipitation, respectively. For the data before 
and after the change point, the difference aroused in the shape, 100-year design level and the mean level of extreme 
precipitation were analyzed. The spatial distribution of changes in the 100-year level showed closed correlations 
with that in the shape parameter for both periods, whereas the correlation with the change of mean value was not so 
obvious for the observed period. It is found that an increase occurred in the shape parameter generally resulted in a 
significant increase in the intensity of extreme precipitation. Identifying change points in the tail index provided a 
more direct and accurate way to check for changes in the extreme data. Based on the results obtained for projected 
period, the increases in the shape parameter resulted in a great increase in the 100-year design level (less than 60%) 
for the majority of South Korea, and especially greater increase (over 120%) for some areas in the central, south and 
southeast after the detected change points in the future 2030s and 2040s, especially in the year 2036 and 2047. 
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